The application of the Bowen ratio method to estimate evaporation is heavily affected by uncertainties on the measured quantities. Time series collected with a hydro-meteorological monitoring station often contain measurements for which a reliable estimate of evaporation cannot be computed. Such measurements can be identified with standard error propagation methods.
information. Moreover, the DS was already tested with success for the re-46 construction of incomplete flow rate time-series in a karstic network by Oriani et al. (2016) . In the present work, the methodology is tested on a real case 48 study with a two-year-long time series of hydro-meteorological data, whose 49 length can help to evidence particular features, strengths and weaknesses of 50 the method. To our knowledge, this is the first time that this algorithm 51 is tested on the reconstruction of evaporation, and in conjunction with a 52 rejection criteria.
53
In particular, the following questions are addressed. As the method of The field data used to demonstrate the proposed approach, the method 61 used to compute the evaporation E, and the two main steps of the approach 62 (rejection and simulation) are described in Section 2. Section 3 briefly reports 63 the results, which are then discussed in detail in Section 4. The conclusion 
where C a is the specific heat of air at constant pressure per unit mass, P a is 116 the atmospheric pressure, λ v is the latent heat of evaporation per unit mass,
117
T i and e i , with i = 1, 2, are, respectively, air temperature and vapor partial 118 pressure at two different heights h i above the ground surface. Given the 119 air temperatures, the vapor partial pressures can be converted, using some 120 empirical relation (Dingman, 2015) , into the corresponding relative humidity 121 RH 1 and RH 2 .
122
The energy balance at the soil, by neglecting the advective contribution 123 and energy storage, yields the following expression for the evaporation E, 124
i.e., the volume of liquid water evaporating from the surface per unit time 125 and unit surface:
where R n is the net radiation, G is the geothermal heat flow and ρ w is the 127 water density. words, when B is close to −1, the estimated evaporation rate would achieve 137 unrealistic values.
138
The criterion used to reject data is taken from Romano and Giudici (2009) 
139
and operates according to the following procedure. For every physical quan-
140
tity appearing in equations (1) and (2) 
The number of values τ j is limited by the user provided parameter N ,
181
that is the maximum number of nodes in the search neighborhood. This 182 parameter allows to dynamically define the radius R by considering only
183
the N values of τ j closest to t i .
184
3. The TI is scanned until a data event, for time t k ∈ τ , similar to d i is 185 found, i.e., when 
205
To smooth the simulated values of E, the average over 10 equiprobable re-206 alization is considered. All the direct sampling simulations were performed 207 with the deesse simulation code (Mariethoz et al., 2010; Straubhaar, 2017 
Here τ val contains the time steps t i for which a validation value of E is se- were selected and used in the DS to simulate the rejected E values, including
251
T 1 , RH 1 , P a , precipitation, G, R n , and v. The basic problem to be solved when applying the method by Romano
254
and Giudici (2009) is the choice of the threshold ε for the rejection criterion.
255
Here we investigate the effects that four different thresholds have on the 256 reconstructed time series of E and the corresponding cumulative time series.
257
The main impact is evident on the number of rejected values of E, which 258 are reported in Table 3 . 
334
With the rejection thresholds ε tested in this work, for the same time
335
series the percentage of rejected values varies from 6.1 % to 70.6 % ( Table 2) .
336
The percentages of rejected data regrouped by season ( of ε has an impact of few tenths of millimeters on the yearly cumulated E.
365
The values of the cumulated precipitation reported on the top of each figure   366 ( Fig. 4) are also useful to check the reliability of the cumulative E curves (Fig. 4) .
371
Probably, the most important result is illustrated in Figure 5 . When erally is underestimated by an amount that has its same order of magnitude. 
398
To further support the results, one depletion test for each rejection thresh-399 old was performed (Fig. 7) . When many values of E are rejected, the statis-400 tics of the simulated values are coherent with those of the validation data
401
( Fig. 7a and b) . Nevertheless, the slight deterioration of the statistics when 402 many data are rejected (Fig. 7a) suggests that a too high fraction of rejected and Figure 8c ). 
447
It is shown that the proposed work-flow can be used to integrate incom- 
